Abstract-There are numerous advantages of using Electric Vehicles (EVs) as an alternative method of transportation. However, an increase in EV usage in the existing residential distribution grid poses problems such as overloading the existing infrastructure. In this paper, we have modeled and simulated a residential distribution grid in GridLAB-D (an open-source software tool used to model, simulate, and analyze power distribution systems) to illustrate the problems associated with a higher EV market penetration rates in the residential domain. Power grid upgrades or control algorithms at the transformer level are required to overcome issues such as transformer overloading. We demonstrate the method of coordinating EV charging in a residential distribution grid so as to overcome the overloading problem without any upgrades in the distribution grid.
INTRODUCTION AND RELATED WORK
There is a growing trend towards Electric Vehicles (EVs) as a medium of transportation because of their economic and environmental benefits [1] . The EV is not a new concept and has been conceptually and practically available for the last century since the advent of automobiles [3] . Today the cost of electricity to drive the EV is becoming competitive with the cost of fossil fuel required to drive the same distance [2] [4] . The price of an EV is still higher than its traditional counterpart running on fossil fuel but the total cost is lower in the long term due to less maintenance being needed for EVs and overall price spent on fuel per mile [4] . EVs also reduce the consumption of natural fossil fuels and make the environment clear by reducing the Green House Gas (GHG) emissions [5] .
Higher rates of EV market penetration will have a negative impact on the electric power grid because uncoordinated EV charging on a mass scale at the secondary distribution grid would negatively affect the total load and peak load power [7] [8] [10] . The results in [7] show that 30% of peak load power usage is expected due to EV charging in the distribution grid. To address this negative affect, one proposal is to upgrade the electricity infrastructure by changing the transformers and adding more power plants to provide more energy to the residential grid [5] [8] . This solution will undermine the economical and environmental benefits of EVs. Another solution is to control and coordinate the EV charging locally and at the substation level to mitigate the impact of EV charging from generating the peak power [6] [10].
In [10] , authors use a demand response model (time-of-use) strategy to shape the peak load of EV charging in the smart grid. Authors in [7] delayed the EV charging schedule to reduce the peak load. A co-simulation of OMNeT++ and OpenDSS has been conducted to show the impact of data ratebased and event-based models on the control algorithms of EV to reduce the peak load in [9] . However, none of the previous approaches have used an accurate model of the residential distribution grid with Electric Vehicle Supply Equipment (EVSE) that may provide variable amount of current ondemand to EV and EV departure and arrival model. Therefore, the scope of this paper is to model the EV and a residential distribution gird in GridLAB-D to illustrate the effects of the different EV penetration rates in the power grid in order to design and validate a control algorithm for coordinating EV charging. GridLAB-D is an open-source power system modeling and simulation tool developed by Pacific Northwest National Laboratory (PNNL) with the funding of the Department of Energy (DOE) [13] [14] . GridLAB-D is a discrete event-based power systems simulator which employs an agent-based simulation approach to model and simulate the distribution power grid [14] . Existing EV model in the GridLAB-D is not complete; therefore, we have modeled an advanced EV model to develop the collaborative charging algorithms 1 in a residential distribution grid.
The rest of the paper is organized as follows: in section II, we present our novel contributions. Section III describes our residential distribution grid model. Our EV charging algorithm is presented in section IV. Section V details the simulation results, and finally section VI concludes the paper.
II. OUR NOVEL CONTRIBUTIONS
We have modeled the residential distribution grid to simulate its various dynamic properties under various EV penetration rates. Our contributions within the scope of this paper are as follows:
 We have modeled a residential distribution grid using the power system modeling tool GridLAB-D. 
III. RESIDENTIAL DISTRIBUTION GRID MODEL
In this section, we describe our residential distribution grid model and the parameters of the objects. Moreover, we explain the EV and EVSE models used in our residential distribution grid. Our model consists of two parts: structural and behavioral. In structural modeling, we explain the structure of the distribution grid while in behavioral modeling, we explain the dynamic parts of the power system. In [11] , we have described our model in detail. 
A. Structural model
The structural model of our residential distribution grid consists of the distribution feeder, step down transformers, a triplex meter, two types of houses, and a variety of appliances. We have modeled the structure of the residential distribution grid with our modeling tool GridLAB-D by using IEEE 13 node [12] . Figure 1 shows the single line diagram of the IEEE 13 Test Feeder. The primary voltage of feeder is 33KV and the secondary voltage is 2.4KV. The power rate for the substation transformer is 5MVA. Each step-down transformer connects to one of the IEEE 13 nodes. The primary voltage for this type of transformer is 2.4KV while the secondary voltage is 120V. For the step-down transformer power rate, we have assumed that the transformer rate is 5KVA for every house which is connected to a transformer.
We have randomly distributed 1000 houses among the nodes of the IEEE 13 node feeder in which every 3 to 7 houses connect to a step-down transformer. We have characterized two types of single-family houses in our residential distribution grid model. Type 1 houses represent houses with lower power consumption while Type 2 houses represent bigger houses with higher power consumption. The houses we have used are randomly selected from the two types, both of which have different end-use appliances such as dishwasher, lights, water heater, plug load (miscellaneous), refrigerator, clothes washer, dryer, and oven. Table I shows the physical model and appliance specifications for each type of houses. We have extracted this information from the most up-to-date sources such as the U.S. DOE [15] , OkSolar [16] , and [7] . To model the impact of EV penetration in our residential distribution grid, we have considered five different penetration rates of EVs in the residential domain (0%, 10%, 20%, 30%, and 50%). In this model, we have assumed that all the EVs arrive at their households following the Gaussian probability distribution model in which the mean is 5:30 PM and the standard deviation is 1 hour. The battery size is either 25kWh or 40kWh according to Table II . We have used the same assumption for determining when the EVs leave their households (EV departure follows a Gaussian probability distribution with mean equals to 7:30 AM). Figure 2 illustrates the arrival and departure time of the EV. We have also used the Gaussian probability distribution model for the total distance the EV drives every day. When the EV arrives home, the State Of the Charge (SOC) is modeled using the Gaussian probability distribution theory with mean value according to Table II. In our model, each EV has one EVSE which is installed inside each household. The EVSE starts to charge the EV as soon as it arrives home and stops charging when the battery is full or the EV leaves. When there is no charging strategies, the ESVE provides a constant charge at 30A (the maximum current), and the battery gets charged at a rate of 7.2 kWh. The EVSE gets some information from the EV model such as SOC, time and distance of the next trip, mileage classification, and battery size. These parameters can be used to control the charging rate of the EV through the EVSE 2 when we want to implement EV charging algorithms. Figure 3 shows 
B. Behavioral model
Each appliance in our model has a schedule which is attached to it. The schedules are assumed to be randomly distributed with a variance proportional to the mean. Figures 4  and 5 show the schedules for lights and water heaters, respectively. For the weather, we use the city of Newark, New Jersey.
IV. EV CHARGING CONTROLLER
To demonstrate the effect of coordinated EV charging in a residential distribution grid, we have developed the fair sharing algorithm to mitigate the peak load in the residential distribution grid. The fair sharing algorithm monitors the power output of step-down transformers every minute and equally divides the remaining output power among all EVs connected to this transformer.
∑
The algorithm begins by sending a signal to the EVSE which changes the charging current (amperage) between 0 to 30A. Equation 3 shows the charging rate of the fair sharing algorithm. T r , T o , EV r , and n represent transformer rate, 2 Our proposed algorithm is for advanced EVSEs which are able to provide variable rate current supply (multiple amperage adjustment capability) ondemand [19] transformer output, EV charging rate, and number of EVs connected to the transformer, respectively. If the charging rate is negative, the EVSE will stop charging. However, if the calculated charging rate is bigger than 7.2KWh, the EVSE adjusts the charging current to 30A. We have simulated our residential distribution grid model according to five different EV penetration rates (0%, 10%, 20%, 30%, and 50%). For each penetration rate, we have randomly distributed the EVs among all houses; for example, 100 EVs were distributed among 1000 houses for a 10% penetration rate. Figure 6 shows the average power output for the step-down transformer level. For 30% and 50% penetration, the average normalized transformer output is above 1 during peak load time which means that in average transformers overloaded during this time. However, the output power does not exceed the maximum rate of transformer by coordinating the EV charging. In Table III , we summarize the simulation results for different EV penetration rate. According to this table for 50% penetration rate, 60% of transformers are overloaded by EV charging and the maximum duration is about 5 hours. The aggregated overloading time is more than 200 hours for 50% penetration. The long overloading time will reduce the transformer life-time significantly. The EV charging effect can be mitigated by coordinating the EV charging. By increasing the penetration rate, the number of overloaded residential transformers increases exponentially during evening, when all the EVs arrive. Figure 7 (a) and (b) show the transformer level power output during a single day for 0% and 50% EV penetration rates. The vertical axis shows the transformers and the horizontal axis shows time. We normalized the output power of the transformer to its rate. The blue color shows low ratio of power output to transformer rate while the red color shows high ratio which means the transformer is overloaded heavily. In general, when the color changes to yellow (and consequently the red color), it means that the transformer must deliver much more power than its nominal rate. Figure 7 (c) illustrates the simulation result for coordinated EV charging (fair sharing algorithm). 
VI. CONCLUSION
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